Introduction

47
The antisaccade task (Hallett, 1978) is an oculomotor paradigm widely used in 48 psychiatric research ( differentiate between inhibition and volitional errors by highlighting the large 63 discrepancies in performance between gap and overlap paradigms. Interestingly, in a 64 large cohort, Fischer et al., 2000 showed that subjects that mainly perform 'express' 65 errors tend to correct their mistakes more often than participants that produce mostly 66 late errors. Using a similar argument, Klein and Fischer, 2005 proposed to extend the 67 distinction between express and 'normal-range' saccades to antisaccade errors, and used 68 indirect statistical evidence to suggest that these evolve differently during development 69 and are correlated with different psychometric constructs (Klein et al., 2010) . Reuter consecutively. The order of presentation of the blocks was pseudo-randomized and 159 counterbalanced across subjects. The same sequence of pro-and antisaccade trials was 160 used for each PP condition independently of the CUE condition. The peripheral cue was 161 presented randomly on the right and left side of the screen. Again, the same random 162 sequence was used across subjects. 163
Before participating in the main experiment, subjects underwent a training block for each 164 condition. These consisted of 100 trials, from which the first half were prosaccade trials, 165 followed by 50 antisaccade trials. During training, participants received automatic 166 feedback after each trial indicating whether they had saccade in the correct direction. In 167 order to urge participants to respond speedly, saccades with a latency above 500ms were 168 signaled as errors. 169
Synchronous cue (SC) condition
170
Throughout the experiment, two red circles of 0.25° of radius were presented at ±12°. 171
Each trial started with a cross (0.6x0.6°) displayed at the center of the screen. Subjects 172 were required to fixate for at least 500ms. If their gaze drifted outside a 3° window, the 173 fixation interval was restarted. The fixation target was presented for a further random 174 interval (500-1000ms), after which a green bar (3.48x0.8°) centered on one of the 175 peripheral red circles was displayed for 500ms (Fig. 1A) . The bar was presented in either 176 horizontal or vertical orientation. Subjects were instructed to saccade towards the red 177 circle ipsilateral of a horizontal bar, or to the contralateral circle in the case of a vertical 178 bar. The next trial started 1000ms after the peripheral cue was removed. 179
Asynchronous cues (AC) condition
180
The start of the AC condition (Fig. 1B) was identical as in the SC condition, but after the 181 initial fixation period a green bar (3.48x0.8°) was displayed for 700ms, centered on the 182 fixation cross. The bar could be in horizontal or vertical orientation, cueing a pro-or 183 antisaccade trial, respectively. The fixation cross and the green bar were removed at the 184 end of the 700ms period and subsequently a green square (1.74x1.74°) was presented on 185 one of the peripheral red circles for 500ms. Subjects were instructed to saccade to the 186 circle ipsilateral to the green square if the task cue was a horizontal bar, and to saccade 187 to the contralateral circle if it was a vertical bar. The next trial started 1000ms after the 188 green square was removed. 189 , subjects were instructed to fixate a central cross for 500-1000ms, while two red circles (0.25° radius) were displayed at ±12°. Immediately after the fixation period, a green bar (3.4x0.8°) was displayed centered on one of the red circles for 500ms. Participants were instructed to saccade as fast as possible to the red circle ipsilateral to a horizontal green bar, and to saccade to the contralateral circle when a vertical bar was displayed. B. Asynchronous cues (AC) condition. As in the SC condition, subjects were instructed to fixate a central cross for 500 to 1000ms. After the initial fixation period, a green bar (3.4x0.8°) was displayed at the center of the screen for 700ms. Immediately afterwards, the fixation cross and the green bar were removed and a green square (1.74x1.74°) was displayed centered on one of the circles. Subjects were instructed to saccade to the circle ipsilateral to the peripheral cue if a horizontal bar was presented, and to saccade to the contralateral circle otherwise.
Data preprocessing
190
Data was preprocessed using the Python programming language (2.7). Saccades were 191 detected using the algorithm provided by the eye tracker manufacturer (Stampe, 1993) , 192 which uses a velocity and acceleration thresholds of 22°/s and 3800°/s 2 , respectively. 193
Saccades with a magnitude lower than 2° were ignored. RT was defined as the latency of 194 the first saccade after the fixation cross was removed (henceforth, the main saccade To fit the models to empirical data, we evaluated three different parametric distributions 238 for the increase rate (or reciprocal hit time) of each of the units: Either we assumed that 239 the increase rate of all the units were truncated Gaussian distributed in analogy to the 240 LATER model (Noorani and Carpenter, 2016) , or that the increase rates of the early and 241 inhibitory unit were Gamma distributed, but the increase rate of the late units was 242 inverse Gamma distributed. We refer to this model as the mixed Gamma model. Finally, 243 we considered a model in which the increase rate of all the units was Gamma distributed. 244
In addition, we assumed that a different set of parameters for each of the units was 245 necessary for each trial type. However, we also considered a constrained version of the 246 SERIA model in which the early and inhibitory units followed the same distribution in 247 pro-and antisaccade trials, but the late units had different parameters across trial types 248 (Aponte et al., 2017) . For PROSA, we investigated a model in which the early unit followed 249 the same distribution across trial types but others were allowed to differ (Noorani and 250 Carpenter, 2013; Aponte et al., 2017) . A summary of the model space is presented in Table  251 1. Details regarding the number of parameters can be found in Aponte et al., 2017. 252 List of models with corresponding increase rate distributions and number of free parameters. In constrained models, some of the parameters are assumed to be equal across trial types. Note that besides the parameters of the units, all models include three nuisance parameters that account for no-response time, late response cost, and the frequency of outlier, i.e., saccades with latencies latencies below the no-response time. Further details can be found in Aponte et al., 2017. We fitted the data of all subjects and PP conditions simultaneously using a Bayesian 253 hierarchical model (Gelman et al., 2003) , in which the prior distribution of the 254 parameters for each subject was informed by the population distribution. However, the 255 two CUE conditions were fitted independently, because our goal was to evaluate whether 256 different models were favored under different task designs. The population distribution 257 was modeled using a linear mixed effects model with PP as fixed effect and SUBJECT as a 258 The statistic used to compare models was the difference in log model evidence (LME), 270 which correspond to log Bayes factors (Kass and Raftery, 1995) . Because our main 271 hypothesis was related to families of models (SERIA and PROSA), we used Bayesian ERs were submitted to two independent tests using PP and CUE as explanatory variables. 284
ERs were higher in the SC condition, regardless of trial type (pro. trials: Χ ) (2, = 144) = 285 402.75, < 10 56 , anti. trials: Χ ) (2, = 144) = 257.06, < 10 56 ). Moreover, there was 286 a significant interaction between the PP and CUE factors in both trial types, 287
demonstrating that PP had a much more pronounced effect in the SC condition (pro. 288 trials: Χ ) (2, = 144) = 43.00, < 10 56 ; anti. trials: Χ ) (2, = 144) = 63.43, < 10 56 ). 289
Next, we submitted ERs in the two CUE conditions to two separate tests with explanatory 290 variables TT and PP. Thus, we could test whether PP had a significantly different effect in 291 pro-and antisaccade trials. We found that in the two CUE conditions, the interaction 292 between PP and TT was significant (SC: Χ ) (2, = 144) = 700.46, < 10 56 , AC: 293 Χ ) (2, = 144) = 41.24, < 10 56 ). 294 Next, we investigated the intra-subject correlation between ER across the two CUE 295 conditions (Fig. 2C) . The probit transformed ERs in each PP block were analyzed 296 separately. For numerical reasons, zero percent ERs were inflated to the ER 297 corresponding to a single error. There was a significant correlation between ERs in 298 antisaccade trials for all three PPs ( < 0.001), but we found no comparable results in 299 prosaccade trials. 300 
Reaction times (RT)
301
Mean RTs of correct saccades are displayed in Fig. 2B . First, RT in pro-and antisaccade 302 trials were submitted to two separate models with PP and CUE as independent variables. 303
Clearly, RTs in the SC condition were much higher than in the AC condition (pro. 
17). 308
We then investigated both CUE conditions separately in a model with factors PP and TT. 309
In the AC condition, pro-and antisaccade RTs decreased with PP, as previously reported 310 by (Pierce et al., 2015) . However, neither the main effect of PP ( 9,996 = 2.40, = 0.09) 311 nor the interaction PP*TT was significant ( ),996 = 0.48, = 0.61), although the main 312 effect of TT was significant ( 9,996 = 238.93, < 10 56 ). In the SC condition, PP had the 313 opposite effect on pro-and antisaccades which resulted in a significant interaction 314 between PP*TT ( ),996 = 12.99, = 10 56 ). 315
Model comparison
316
In order to compare models, we used the differences in LME or log Bayes factors between 317 the hierarchical models fitted to our data ( Table 2 ). The expected log likelihood or 318 accuracy of each model is reported in Supplementary Table S1 . This measure is closely 319 related to the ) statistic and reflects the un-penalized goodness of fit of a model. 320 Model comparison. Log evidences were baselined using the lowest value in each condition. The models with the highest evidence are high lightened in bold font.
We first compared families of models in each of the conditions separately. In the SC 321 condition, the SERIA family was favored when compared to the PROSA family (posterior 322 probability approx. 1). In the SERIA family, constrained models were favored when 323 compared to models in which the early and inhibitory unit were allowed to differ across 324 trial types (posterior probability approx. 1). When we considered each model 325 independently, analogously to the findings in Aponte et al., 2017, a constrained SERIA 326 model (m12) obtained the highest evidence ( > 26.6). 327
In the AC condition, while the SERIA model was favored when compared to the PROSA 328 model (posterior probability approx. 1), SERIA models in which the early and stop units 329
were not constrained obtained the highest evidence (posterior probability approx. 1). 330
The unconstrained mixed Gamma SERIA model (m9) was favored among all possibilities 331 ( > 79.5). 332
In order to facilitate the comparison across CUE conditions and our previous study 333 (Aponte et al., 2017) , in the following we report the parameter estimates obtained using 334 mixed Gamma models (SC condition: m10; AC condition: m9). 335
Model fits
336
To qualitatively evaluate the PROSA and SERIA models (Gelman et al., 2003; Gelman and 337 Shalizi, 2013), in Fig. 4 we plotted the histogram of RTs of all saccades and the fit of the 338 best model in each family. For the PROSA model we used model m5 in both conditions. 339
Fits were computed by weighting the expected probability density function in a given 340 block by the corresponding number of trials. Fits for representative subjects are 341 displayed in Supplementary Figures S2 and S3 . 342 The estimated distribution was time-shifted to optimize the predictive fit, i.e., we tried to 370 predict the shape of the RT distribution, not its mean. 
Model parameters: Inhibition failures and late errors
375
We then turned our attention to inhibition and volitional or late errors. The latter are 376 defined by the probability that the late prosaccade unit hits threshold before the 377 antisaccade unit in an antisaccade trial, and the probability that the antisaccade unit hits 378 threshold before the late prosaccade unit in a prosaccade trial. We also investigated the 379 probability of an inhibition failure, i.e., the probability that the early unit hits threshold 380 before all other units. In an antisaccade trial, an inhibition failure corresponds to a 381 reflexive error. 382
In the SC condition (Fig. 7A) , our findings were similar to the results in Aponte et al., 2017. 383 While the probability of a late error in a prosaccade trial was negatively correlated with 384 PP (Χ ) (2, = 72) = 156.66, < 10 56 ), the opposite behavior was observed in the 385 probability of an inhibition failure in antisaccade trials (Χ ) (2, = 72) = 22.5, < 10 5< ) 386 and late errors in antisaccade trials (Χ ) (2, = 72) = 23.50, < 10 56 ). 387 By contrast, in the AC condition it was necessary to consider the number of inhibition 388 failures in pro-and antisaccade trials separately because model comparison favored 389 models in which the early and inhibitory units behaved differently across trial types. We 390 found (Fig. 7B) that the probability of an inhibition failure in prosaccade trials (mean 391 61%, std. 11) was much higher than in antisaccade trials (mean 9%, std. 8), indicating 392 that most prosaccades were early, reflexive responses. When we considered the effect of 393 PP in the AC condition, we found only a significant effect on the probability of a late error 394 in antisaccade trials (Χ ) (2, = 72) = 6.31, = 0.04). 395
In the AC condition, the percentage of late responses in prosaccade trials was estimated 396
to be approximately 39% of all trials (see Fig. 7B and Table 3 ). In antisaccade trials, the 397 percentage of inhibition failures was estimated to be 9% of the trials whereas the 398 percentage of errors that could be attributed to the late decision process was 39%. In the 399 SC condition, the number of antisaccade errors predicted by the model was 400 approximately 2% higher than the empirical error rate. On average 21% of the errors 401 were cataloged as late decision errors. To assess the posterior predictions of the model, 402
we report the correlation coefficient between the empirical and predicted ER in Table 3 . 403 Table 3 Empirical and fitted error rates We then investigated whether the percentage of inhibition failures in the SC condition 404 was correlated with the percentage of inhibition failures in antisaccade trials in the AC 405 condition. Results are displayed in Fig. 8 . In each of the PP conditions, we found a 406 significant correlation ( < 0.005) indicating that the tendency of individual subjects to 407 respond with an early saccade was proportional across task designs. 408 
Model parameters: Hit times
409
To conclude, the effect of PP on the expected hit times of the units was investigated. In 410 the SC condition (Fig. 7C) In the AC condition (Fig. 7D) , most of the units had a much shorter hit time compared to 416 the SC condition. Moreover, the fitted parameters suggested that most differences 417 between pro-and antisaccade trials could be attributed to changes in the hit time of the 418 inhibitory unit, which was over 100ms higher in prosaccade trials than in antisaccade 419 trials. To further test this observation, we fitted a mixed Gamma SERIA model in which 420 the early prosaccade unit (but not the inhibitory unit) was set to be equal across trial 421 types. This is analogous to the restricted model originally proposed by (Noorani and 422 Carpenter, 2013) . This model obtained the highest evidence in the AC condition (Δ > 423 7 log units). Crucially, this restricted model was also better than one in which the early 424 unit but not the inhibitory unit was allowed to change across trial types ( > 80). 425
Thus, most variance in the probability of early prosaccades could be explained by changes 426 in the inhibitory unit, which indicates that cuing the trial type in advance of the saccade 427 direction cue mainly influenced the inhibition of early responses. 428
There was no significant effect of PP on the hit time of the late pro-and antisaccade units 429 (late pro: ),'T = 0.00, = 0.99; anti: ),'T = 2.08, = 0.13). However, we found a 430 significant effect of PP on the inhibitory unit regardless of the trial type (pro. trials: 431
),'T = 3.23, = 0.04; anti. trials: ),'T = 14.11, < 10 5< ). Finally, there was a 432 significant effect of PP on the early unit in antisaccade trials ( ),'T = 8.62, = 10 5< ), but 433 not on prosaccade trials ( ),'T = 2.15, = 0.12). Taken together, our results suggest that 434 manipulating the trial type probability in AC task had only an effect on the early and 435 inhibitory units, and this effect was weak in prosaccade trials. 436
437
Discussion
438
There are four main findings in the present study. First, the SERIA model accounted for 439 RT and ER better than the PROSA model in both the SC and AC conditions. This indicates 440 that even in AC designs, the prosaccade RT distribution is best described by more than 441 one decision process. Second, according to the model fits, a significant proportion of 442 errors in antisaccade trials were late errors, irrespective of the CUE condition. Third, we 443 found that in the AC condition, the main factor explaining the differences in ER and RT 444 between pro-and antisaccade trials was the hit time of the inhibitory unit, and, with it, 445 the probability of inhibiting an early response. Finally, we found that the effects of 446 manipulating the probability of a trial type were almost completely abolished when 447 subjects were cued about task demands in advance of the peripheral cue. Moreover, all 448 effects of trial type probability were restricted to the early and inhibitory unit in the AC 449 condition. We proceed to discuss these findings. 450
The SERIA model accounts for antisaccade behavior regardless of CUE condition Hence, an important conclusion from our analysis is that late errors are a significant 508 fraction of all errors regardless of task design. Concretely, in the present sample, approx. 509 39% of the errors in antisaccade trials in the AC condition were quantified as late errors, 510 with large variability across subjects (Fig. 8) . This is of significance, as the ability to 511 separate between early and late errors might be of relevance in computational psychiatry 512 and future patient studies (Fischer et al., 2000; Heinzle et al., 2016; Lo and Wang, 2016 ; 513 Coe and Munoz, 2017) . 514
AC vs. SC designs
515
The most obvious difference between the AC and SC conditions was an overall reduction 516 in RT and ER in the AC task. This observation replicates the findings in Weber, 1995 and 517 a more recent study by Weiler and Heath, 2014. 518 There are two main explanations for these differences. First, in the SC condition the 519 mapping between a cue and an action can only be started once the peripheral stimulus is 520 presented. Thus, one would expect robust inhibition of reactive saccades that affords 521 processing of the peripheral cue (Weber, 1995) . Second, in the AC condition subjects 522 could anticipate the presentation of the peripheral cue because the task cue was always 523 displayed for 700ms. Despite this general reduction in RT, ERs were lower in the AC 524 condition when compared to the SC condition. 525
Model comparison suggests differences in the type of anticipatory preparation in the two 526 tasks: whereas in the SC condition, the early and inhibitory unit followed a similar hit 527 time distribution across trial types, this was not the case in the AC condition. 528 Furthermore, a model in which the prosaccade unit was fixed across trial types obtained 529 the highest model evidence, indicating that most of the differences in the number of early 530 responses could be accounted for by changes in inhibitory control. 531
One interpretation of our findings is that in the SC condition, the peripheral cue does not 532 influence the inhibition of early responses, because it is integrated too late in the decision 533 making process to strongly affect the early and inhibitory units. Nevertheless, contextual 534 information about trial type probability can be exploited by the participants to drive 535 inhibitory control. Contrastingly, in the AC condition early prosaccade inhibition is 536 almost entirely determined by the trial type cue, and only weakly modulated by the 537 probability of a trial type, as discussed below. 538 Importantly, the probability of antisaccade errors was correlated across both CUE 539 conditions. Thus, relative ERs were consistent across the two tasks, suggesting that the 540 same cognitive processes are involved in both conditions. In conclusion, SC designs are 541 likely to provide more variability in terms of ER and RT, while probing the same cognitive 542 processes involved in an AC paradigm. 543
The effect of trial type probability
544
Our results replicate the finding that in the SC condition the probability of a trial type has 545 a large impact on both ER and RT (Chiau et 
Summary
552
This study aimed to test whether and to what extent cue presentation order (task cue and 553 spatial cue) influenced ER and RT in the antisaccade task. Overall, we found that the 554 impact of trial type probability was strongly reduced in the AC condition compared to the 555 SC condition. From a modeling perspective, our results demonstrate that the combination 556 of an early and a late race between voluntary pro-and antisaccades better accounts for 557 RT and ER in an AC design, as compared to models that incorporate only an early race. 558
Furthermore, modeling revealed that early inhibitory processes are strongly influenced 559 by trial type in the AC condition, but not in the SC condition. By contrast, trial type 560 probability had a strong effect on early units in the SC condition, but not in the AC 561 condition. SERIA also provided a good prediction of the shape of the distribution of 562 corrective antisaccades in both tasks. Finally, our quantitative analysis supports the 563 hypothesis that a non-negligible fraction of errors in the antisaccade task can be 564 categorized as late errors. 565 To infer the model parameters of all subjects we used the likelihood function defined by 572 the SERIA and PROSA models and assumed a hierarchical prior, such that the parameters 573 of all subjects in each CUE condition were estimated simultaneously. The graphical 574 representation of the model is presented in Figure S1 following the conventions in 575 Bishop, 2006 . 576 Figure S1 : Graphical representation of the hierarchical model. The most important feature of the model is that the prior distribution of each set of parameters is parametrically defined by a set of explanatory variables and coefficients with variance . These coefficients are estimated from the population distribution. We partition parameters into fixed ( ) and random effects ( ), such that the latter have a prior mean estimated again from the population distribution. For the present study, random effects represent subject specific intercepts, while their mean (or global intercept) is modeled by , , whose prior distribution is assumed to be centered at zero with variance .
To simplify notation, we assume that the data and parameters in each run are 577
represented by a vector ` and a single parameter `. The extension to a multivariate 578 model is straight forward under the assumption that different parameters are 579 conditionally independent. Although this assumption is likely to be inadequate, the main 580 goal of the hierarchical extension of the model was to generate a data-driven prior mean 581 and variance for the parameters, and not to account for the correlation between them. 582
The likelihood of the model is given by the product of the likelihood of all runs: 583 ( 9 , … , c | 9 , … , c ) =`f 9 c (`|`).
( 1) 584
The prior distribution of parameters ` is given by 585 (`|`, , ) = (`;`• , ) ).
( 2) 589 = ( 9 , … , c ) is a design matrix of size × that codes M explanatory variables, such 586 as SUBJECT, PP, etc., and is a vector of dimension × 1 that represents the effect of 587 each explanatory variable. The prior distribution of is given by 588 ( | C , ) = ( ; C , ) ) ( 3) 591 and the prior probability of is 590 ( 5) ) = ( 5) ; , ).
( 4) 592
We distinguish between two types of coefficients in analogy to the concepts of fixed and 593 random effects. For fixed effects r , we assumed that the coefficients have a fixed prior 594 C,r = 0. For random effects s , we assume that the prior mean C,s is a random variable 595 such that 596 The rationale for including a random effect is to account for the idiosyncrasies of each 603 subject while modeling a population wide intercept. 604
Since all the above equations are linear and rely on conjugate priors, it is possible to 606
derive Gibbs steps to sample from the conditional posterior distributions of all 607 parameters with the exception of 9,..,c , which are sampled from a Gaussian kernel 608 centered at the previous sample. 609 610 Expected log likelihood (accuracy) normalized by subtracting the lowest log likelihood (m2) from all estimates. The accuracy of a model is the expected log likelihood of the model. It is tightly related to the unpenalized R 2 , or total variance explained, of a model.
Supplementary
613
Supplementary Figure 
